The article is based on the authors' experience designing and implementing outcomes management systems for large managed care organizations. Topics addressed include design of instruments, use of cost effective technology, development of computerized decision support tools and methods for case mix adjustment. Case mix adjustment models are based upon a data repository of several-thousand treatment cases with multiple measurement points across the episode of treatment. Data from controlled and field studies are described suggesting that the outcomes management methods described in this article can result in significantly improved clinical outcomes and more rational allocation of care resources.
Introduction
The provision of behavioral healthcare services has undergone radical change over the past decade due to market and political forces creating pressure to contain spending on healthcare. This forces healthcare providers to confront the reality of finite resources and the necessity to make difficult decisions about the allocation of those resources. The shift towards increased accountability for the cost of services has evolved in the past few years to a growing focus on the quality and outcomes of the services.
Unfortunately, the implementation of clinical information systems for measuring and improving quality has lagged far behind the success in containing financial costs.
Consequently, the ongoing debate regarding the impact of cost containment efforts on clinical outcomes, while often emotionally charged, has remained anecdotal and data poor. In recent years there has emerged something of a consensus on the desirability of incorporating the measurement of outcomes into quality improvement efforts. A few managed care companies have funded large-scale efforts to build outcomes management systems (1-3).
It is necessary to make a clear distinction between outcomes measurement and management. Outcomes measurement is the process of assessing the clinical outcome of treatment through use of standardized measures of clinical severity. Since outcome is a measure of change, at least two data points are necessary, one at the start of treatment and another at some later point in time, presumably the conclusion of treatment or at some follow-up point. Ideally, measurement of change is achieved through repeated measures at regular intervals so that it is possible to estimate not only the magnitude of change, but also the rate of change.
largest commercially insured population and with one of its public sector populations, with near term plans for full implementation across its entire system of care.
Outcomes measurement method
Measurement instruments with known validity and reliability are essential.
However, data sets that are comprehensive and meet high standards for scientific rigor can become excessively burdensome to the line staff and consumers when employed in real world service-delivery settings. With this in mind, the authors have attempted to keep the time requirements for data collection at PBH to five minutes or less for both the clinician and consumer. Collecting data at specified intervals rather than at every session further reduces the labor demand. Clinical outcomes are assessed from both patients' and clinicians' perspectives.
Analyses of large data sets of commercially insured outpatients indicate there are systematic differences in outcomes obtained from patient versus clinician report.
Clinician assessment tends to underestimate improvement for consumers reporting rapid improvement (4) . Conversely, analyses of change scores using patient self-report and clinician GAF (Global Assessment of Functioning Scale) ratings suggest that providers may significantly underestimate deterioration and risk for premature termination (3) .
The authors therefore advocate a system in which the patient's rating of improvement in symptoms and quality of life is the "gold standard" for assessing the system's performance. Patient satisfaction, relapse rates, and other variables are important, but the global change score reflects the overall reduction in patient distress and has the advantage of broad applicability across multiple diagnoses and settings.
Another argument in favor of a patient-centered system is cost. Clinician rating scales are time consuming to complete and may require training (and retraining) of the clinical staff in order to maintain adequate reliability. [See (5) for a more complete discussion of this and other measurement issues.] This problem is complicated when the results of the evaluation are to be used for performance monitoring. Clinician concerns about the use of outcome tools can introduce hidden sources of bias that are difficult to detect statistically. While patients may also have idiosyncratic ways of understanding and rating items, given a large enough sample this source of error is randomly distributed across providers and therefore is much less likely to contaminate results.
In keeping with the principle of maintaining the cost and effort of data collection as low as possible, Lambert and Burlingame developed two thirty-item self report questionnaires (adult and child/adolescent versions) for the PBH outcomes management program. Over a period of many years they have accumulated a data repository of behavioral health related items from several different instruments, including the widely utilized Outcome Questionnarie-45 (OQ-45) and Youth Outcome Questionnaire (YOQ).
[See (6-9) for a more complete description of the item content, reliability and validity of these questionnaires.] The data included repeated measures in treatment of thousands of adults and children treated at hundreds of different sites across the country. Most of the 6 data was collected under the auspices of several different managed care companies as part of ongoing research agreements, and was redacted on any patient identifiers.
The investigational instruments developed for the PBH program are named the Life Status Questionnaire (LSQ) and the Youth Life Status Questionnaire (YLSQ). Items were selected for these shorter instruments based on their tendency to improve during treatment while remaining relatively stable in a sample of matched non-treatment controls. This approach to item selection created instruments with presumptively sound psychometric properties despite the fact that they had not been previously administered in this 30-item format. Subsequent experience with the investigational instruments has confirmed this presumption.
Since early 1999 the investigational instruments have been employed in PBH's outcomes management program. Nineteen private sector group practices and 5 public sector clinics are providing ongoing outcomes data. In addition PBH's highest volume solo providers are also participating in the data collection. PBH named its outcomes management program the ALERT system, an acronym for Algorithms for Effective Reporting and Treatment (ALERT). The ALERT system connects the patient, the provider, and PBH in an information loop that provides timely reports on critical risk factors and changing levels of patient distress. Aggregate level reports summarize clinical outcomes for entire systems of care and for specific provider groups.
Before addressing specific methods employed by the system, a brief discussion of the enabling information technology is helpful. The entire enterprise is dependent on the ability to rapidly and cheaply capture, analyze, and report on the data in a variety of formats for target audiences. The cost of data capture must be minimal, and the tools to program the complex logic for data analysis must be powerful yet extremely flexible.
The technology must allow rapid development and deployment of various reports and decision support tools.
The ALERT system is based on an approach to data capture and management that retains maximum flexibility and timely reporting while minimizing cost. The ALERT system starts with data being captured via bubble sheet paper forms that are faxed to a central location data capture, using the Teleform 1 . There are several software products available for this purpose. The use of paper as the primary data capture interface with the consumer and clinician has the advantage of familiarity and low cost of implementation.
Even if the data set is subsequently altered (as will be the case in a system that is learning), the only cost is in printing and distributing new forms. Once the raw data are captured, SAS 2 is used to manage the data and construct a clinical information system to provide clinical decision support algorithms and reporting. SAS is utilized in conjunction with Microsoft Office products such as Excel and Access for end-user viewing of reports and relevant clinical data. SAS can also be interfaced to an organization's legacy systems.
Using these off the shelve products, the cost of developing the information technology infrastructure necessary for outcomes management is kept to a minimum while retaining flexibility to modify the data set or logic as needed. Over time an 1 Teleform is a product of Cardiff Software, Inc. that permits the user to design forms and then perform optical character and optical mark recognition from fax or scanner produced images of the completed forms. 2 SAS is a versatile and comprehensive program for performing data analysis, managing data, creating data warehouses, and other data processing operations. It is the product of the SAS Institute in Cary, N.C. and is widely used throughout government and industry when an "industrial strength" tool is needed.
While not known for its user friendliness, the SAS scripting language permits rapid development of SAS code capable of performing virtually any data management and decision support chore. The PBH outcomes management program utilizes a repeated measures design, with the frequency of data collection being greater during the initial phase of treatment.
PBH utilizes assessment at the first, third, and fifth sessions before dropping to a frequency based on risk and complexity of the case. This repeated measure design enables the ability to track trajectory of improvement as part of the clinical management of the case. The trajectory of improvement during the first few sessions tends to be highly predictive of the eventual outcome of the case (3).
The data repository provided the means to model the expected trajectory of recovery for the most common diagnoses found in outpatient samples. A sample of over 3200 adults and 800 children/adolescents was used to calculate the expected change. The cases selected were drawn from over 15,000 cases in the data repository. They all contained data on the primary diagnosis, intake score and at least one other assessment point in treatment and were drawn from treatment populations thought to be similar to the commercially insured population served.
The data repository also contains test protocols from community volunteers not currently receiving any mental health treatment. This sample was used to estimate a cutoff score on the instruments that constitutes a boundary between normal and clinically significant levels of life distress (11) (12) (13) . The formula is:
Cut-off = (SD 1 *M 2 +SD 2* M 1) /(SD 1 +SD 2 )
For example, in the case of the OQ-45, the sample of community non-patients (n=1353) has a mean of 45 with 19 as a standard deviation (14) . The mean intake score for the clinical sample drawn for the PBH project is 82 with a standard deviation of 24.
Using the formula, the cut-off score between the clinical sample used for the PBH norms and the community sample is 61, with scores above this point being more likely to become a clinical sample. The data repository enables the design of a system that would track the improvement of each individual patient against that of similar patients in the normative sample as well as means to determine the point at which a patient was within the normal level of life distress. As we shall see, this feature is critical to the success of the outcomes management program.
Case mix adjustment
The authors' analyses of multiple outpatient samples indicates that the single best predictor of the change score for any given treatment episode is the score on the measurement instrument at the beginning of treatment. Other variables such as diagnosis, chronicity, and treatment population alter the relationship to some degree, yet every sample analyzed during the course of this project produced the same finding. The change score was found to have an essentially linear relationship to the intake score, with higher levels of distress at intake predicting a higher change score and a steeper trajectory of recovery. The relationship between severity at intake and change can be easily communicated visually by providing a plot of the regression line, with the intake score on the x-axis and the improvement on the y-axis. For consistency sake and ease of interpretation, the change score will be expressed as effect size in the following examples drawn from the data repository.
Effect size is calculated by dividing the raw score change by the standard deviation of the measure. The use of effect size to express the change score is useful in that it conveys the magnitude of change in a way that allows pooling of data from different instruments, an important consideration when aggregating data for an entire system of care. However, a word of caution regarding interpretation of effect size is in order. Care must be taken when comparing mean effect sizes from different populations.
Large, heterogeneous outpatient samples taken from the field will tend to average significantly lower effect sizes than commonly reported in published outcome research.
This fact does not necessarily derive from a reality that academic research studies get better results. Rather, it is do to the fact that the range of intake scores in a research sample is often restricted in some way. For example, a study on the treatment of major depression would naturally contain subjects screened to meet the criteria of depression.
Consequently, the mean intake score would be higher than the score for a broad sample of outpatients. As the following graphs will illustrate, higher intake scores tend to show more change. Thus a restricted sample of very distressed patients would also certainly average more change than a more heterogeneous sample. Furthermore, since the homogeneous sample would not contain cases at the lower end of the severity distribution, the standard deviation for the sample would also be truncated.
The importance of sample variability is that the standard deviation of the sample is used as the denominator in calculating effect size. Thus, greater variability (S.D.) will result in smaller effect sizes even if absolute change remains the constant. In the relatively homogeneous sample of patients selected for the hypothetical depression study, the result is a higher numerator (change score) and smaller denominator (standard deviation), resulting in a larger effect size in clinical trials than would be present in a typical sample of outpatients.
Graph 1 displays outcomes for a subset of the sample (n=219) with repeated OQ-45 administrations during treatment and a single follow-up measure at an average of 10 months after the last recorded treatment session. The intake score is plotted on the x axis while the effect size from intake to end of treatment and post treatment follow-up is graphed on the y axis. As can quickly be seen, the higher the intake score, the greater the change during treatment and during the post treatment follow-up period.
Insert Graph 1 about here.
Graph 1
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The percentage of variance of the change score accounted for by the intake score appears to range from 10-20% of the variance depending on the sample, the instrument and the length of time to the final assessment. The intake score accounted for 15% of the variance at the end of treatment and 20% at the follow-up assessment.
Graph 2 presents the regression line for three different adult treatment populations: (a) a national sample of commercially insured patients, (b) a statewide public sector sample, and (c) a national sample of clients seen through various Employee Assistance Programs. As can be seen here, the use of plotted regression lines conveys information about the results for these different populations that would have been lost by simply reporting mean change scores. The different samples show marked differences in the slope and and/or intercept line. The EAP sample shows greater effect size at the low end of intake severity compared to the other two. The public sector sample appears to receive a similar benefit to the commercially insured sample at the lower end of severity, but fares worse at higher levels of severity.
Insert Graph 2 about here. We would not argue that this case mix model accounts for all relevant factors.
The best process for improving its predictive ability is to identify reasonable variables such as socioeconomic level or chronicity of problems to investigate, and then collect data on these variables for analysis and modeling. Ideally, as data accumulate for a system of care, the model is tested and refined on a continuous basis. The case mix model permits an estimate of the expected improvement for any given patient at the start of treatment. Predicted change remains constant throughout an episode of care, serving as a benchmark to measure treatment progress and outcome. 
Predicting and tracking change
A number of researchers have investigated dose response curves for psychotherapy (15, 16, 4) . The research supports the premise that most patient change occurs during the early stages of treatment, with diminishing benefit per session as the length of treatment increases. However, it is risky to extrapolate from expected dose response curves established in research settings where the length of treatment is prolonged or held constant for study purposes. In real world settings, whether fee-forservice or managed care environments, the length of stay in treatment is determined by many factors and one would anticipate different patterns of dose response. Conventional wisdom would argue that longer lengths of treatment result in superior outcomes. Much of the criticism of managed care plans is that they arbitrarily limit the length of treatment.
However, the reality is somewhat more complex than this, and surprisingly encouraging for managed care. Data from the commercially insured managed care populations in the data repository fail to show a significant correlation between length of treatment and outcome. In fact, short lengths of treatment are common, even for some of the most distressed patients, and the results often indicate rapid improvement rather than poor outcome.
The following series of graphs on adult outcomes help to illustrate this point.
Data were collected at the first, third and fifth sessions and at every fifth session thereafter. The graphs show the trajectory of change for patients receiving three, five, ten, and fifteen or more sessions. The sample is divided into quartiles based on the intake score to more readily demonstrate trajectory of change as a function of severity at intake.
Length of treatment is determined by the last session at which data were collected. Many of the cases are assumed to have had additional sessions, but they did not continue in treatment to the next data collection point. Only cases with at least two data points are included in this analysis. The graph for the fourth quartile, the most severely distressed patients at intake, provides some support for longer lengths of treatment. Patients for whom data was collected at the 10 th session or later show a few points of improvement more than those for which the last data point was the third or fifth session. However, the rate of improvement for patients with the shorter length of treatment is so rapid that it could be argued that they had no need to stay in treatment to the next data collection point. On the other hand, patients in the other three quartiles had a very different outcome: lengths of treatment of ten sessions and greater are associated with worse outcomes, and for those in the mildest range at intake, actual deterioration. It would appear that these patients and therapists continue to meet because the patient is not improving or is doing worse, not because the treatment is helping.
Insert Graphs 3 -6 about here
The average length of treatment in all of the quartiles, even the most severe, was less than seven sessions. Likewise, over 75% of the treatment episodes were completed before the 10 th session in all four quartiles. It is apparent that shorter lengths of treatment are associated with a higher rate of change. Cases in the first quartile are an exception to the above generalizations. However, these cases are more characteristic of a nontreatment sample than a clinical population. In fact, the mean intake score in the first quartile is 50, only 5 points higher than the mean of the non-treatment sample cited above. This group shows no change with shorter lengths of treatment and slight deterioration for cases averaging ten sessions and more. One must wonder if this represents a "good as it gets" phenomenon.
At the other end of the spectrum, treatment length for the most severe cases bears closer analysis. It is highly unlikely that the cases in the fourth quartile with lengths of (17) . The most tenable hypothesis is that the patients themselves are the primary determinant of length of treatment, and that the decision to terminate treatment is based on the rate of improvement. The faster the improvement, the sooner they are terminated.
Seen in this light, the regression equations used for case mix adjustment are actually an estimate of how much improvement is necessary for the average patient of a given severity to decide that treatment has been adequate. Since the patients appear to be determining the length of treatment, it more accurate to say that the length of treatment is a function of the speed of recovery rather than that the outcome is a function of the length of treatment. From the perspective of outcomes management and quality improvement, this finding suggests that the focus should be on ensuring that patients achieve a given level of outcome rather than a certain length of treatment. There are obvious implications from these findings regarding the optimal allocation of treatment resources. Outpatient treatment resources allocated to the most distressed patients realize greater benefits per dollar invested than resources allocated to the healthiest patients.
It is also evident that if a system of care wishes to improve outcomes, the greatest opportunity lies with those most in need. While the evidence shows in aggregate that patients tend to remain in treatment until reaching a certain outcome, the variability of this phenomenon at the individual patient level is quite large. The average change for the entire sample is nine points (effect size=.39). However, the standard deviation of the change score is over 19 points.
What this means is that even after controlling for severity using regression techniques the predicted change for any given patient is still only a gross estimate.
Despite this limitation, the use of predicted change as a benchmark against which to compare actual change remains a useful tool to evaluate results. If nothing else, it quantifies the importance of case mix and provides a useful reference point for evaluating outcomes in aggregate.
The wide variability in outcomes is further evident when one looks at the 10-20% of cases with the worst outcomes. These patients are substantially worse off than patients with average results in that they show either no improvement, or even substantial worsening in symptoms. Just as patients showing rapid improvement tend to terminate early, patients who fair poorly early in treatment will tend to terminate before experiencing any substantial benefit. The challenge for an outcomes management program is to target these at-risk cases as early as possible in hopes of averting a premature termination. The fact that early change is predictive of final outcome permits the use of statistical models to target at-risk cases as soon as there are at least two data points in treatment.
This is accomplished by using regression models employing the intake score and the change score at a given session to predict the final outcome in treatment. A simple analysis of the adult cases based on test scores at the third session. As cited previously, the mean intake score on the OQ-45 in the sample used to develop the PBH norms was 82, with a standard deviation of 24. Twenty percent (20%) of these cases had intake scores at or below 61, the cutoff between the normal and clinical samples. At the other end of the severity spectrum, 23% had scores of 100 or greater.
By the third session, 29% cases still in treatment had scores below 62. The mean of these cases in the normal range was 46, only one point higher than the mean of the community sample. In contrast, at the third session the percentage of cases with scores in the severe range above 100 had dropped to 12%. The point of this analysis is to track what happens to these two groups of patients after the third session. Of the cases with scores in the normal range at the third session, 39% continued to at least the fifth session and averaged 3.8 additional sessions. For those with scores of 100 or more at the third session, 54% continued in treatment, meaning that almost half (46%) of the most severely distressed patients at the third session did not continue in treatment as far as the fifth session. Given the severity of distress, these cases are clearly premature terminators and treatment failures.
Looking at the pattern of change is also telling. Those patients with scores below 62 at the third session as a group had experienced substantial improvement at that point, averaging almost 12 points change in the three sessions (.5 effect size). However, for the cases that continued on in treatment there was no further measurable benefit on average.
In fact their OQ-45 scores rose by an average of 3 points from the third session to the end of treatment, similar to the pattern illustrated by Patient 4 in Graph 8. Looking at these cases it seems clear that there is room for reduction in the average length of treatment without sacrificing outcomes. In sharp contrast, the 12% of cases with scores of at least 100 at the third session had deteriorated an average of over 1 point at the third session. This is cause for alarm, considering the elevation of the scores. However, the encouraging news is that of those that did continue, the average improvement between the third session and the end of treatment (mean additional sessions = 5.7) was 15 points (.63 effect size).
From a quality improvement standpoint, the focus should be on keeping a higher percentage of these high-risk cases in treatment for a sufficient duration to realize benefit.
This data supports the assertion that the cost of this effort can be more than offset by reduction in the length of treatment for patients experiencing sub-clinical levels of distress. While the AOR provides information on closed cases, the Change Index Report (CIR) is designed to provide similar information on open cases while there is still an time to alter the treatment plan. The CIR presents the Current Change Index, the residualized change score at the most recent session. It goes further in also providing a Predicted Change Index based on the likely outcome if the patient remains in treatment. This is calculated by using the regression formulas incorporating the intake score and change score (see Graph 8) to estimate the change score at the end of treatment. The new projected change score is then indexed by subtracting the baseline expected change from this value. The CIR is designed so that the provider can quickly review patients' progress and focus efforts on those patients that are at the greatest risk. The report utilizes raw score change rather than effect size because it is specific to one instrument. Change Index Report There is significant deterioration and the outcome is likely to be relatively poor even with 
Performance feedback and decision support tools

Field and experimental evidence on decision support
The impact of feedback on patient improvement and allocation of care was tested in a recent experimental study conducted at the Comprehensive Counseling Center at Brigham Young University (14) . This study involving 609 patients and 31 clinicians utilized the OQ-45 at every session. Treatment continued until termination was deemed appropriate by the clinician and/or patient. Half of the cases were randomly assigned to the experimental condition in which the clinician had the benefit of feedback on trajectory of change and severity range. The feedback was determined by a set of algorithms that were a function of the number of sessions completed, current level of distress, and assumed likelihood that the patient would fail to recover. In the control condition, the patient completed the questionnaire but the results were withheld from the clinicians.
Space does not permit a complete summary of this study, but for purposes of the present discussion, it is instructive to look at the effects of feedback for the most at-risk patients in the study. Using the algorithm logic, 35 of cases in the experimental condition (11%) and 31 (10%) from the control condition were identified as "signal cases", those most at risk for premature termination and poor outcome (similar to Patient 1 in Graph 8).
The feedback message included a warning that the patient was improving less than expected, along with suggestions to review the treatment plan and to guard against premature termination.
In the experimental condition, the feedback resulted in the signal patients receiving almost twice as many sessions of treatment than the control signal cases (p<.001). More importantly, the signal cases in the feedback condition showed significantly more improvement post warning than the control group (p<.05). Graph 8 displays the trajectory of change and outcomes for the two signal groups.
Insert Graph 8 about here.
At the same time the signal cases in the experimental group were receiving additional services, those non-signal cases that were proceeding well in treatment ended up averaging fewer sessions in the experimental group than in the control group (p<.05).
As our previous discussion would lead us to expect, this occurred without any degradation in outcomes for these cases. In fact, the non-signal cases in the experimental group averaged more change than the control group, but this difference was nonsignificant. The additional sessions that are provided to the signal cases was more than offset by the modest reduction in sessions to the non-signal cases, so that the experimental group utilizes overall 4% fewer sessions than the control group.
This study provides support to the premise that it is possible to focus resources and improve results for the most at risk cases without increasing the overall cost of care
Interestingly, one of the questions asked in the post research interviews with the clinicians was "how did you choose to use the feedback you received?". Of the 29 clinicians interviewed, none reported that they increased or decreased the number of sessions given to a client as a result of the feedback. When the results of the study were presented to the staff, there was considerable surprise expressed over the attendance data.
Results from the field are likewise encouraging. The data repository contains a large number of cases (n=4825) treated by large group practices that had participated in previous outcomes management initiatives and had the benefit of some form of decision support and feedback similar to the reports described in this article.. These were compared to cases 1412 cases treated by clinicians that did not receive this kind of feedback. (Note: this sample of larger that the sample used to develop the PBH norms because cases were included even if they were missing therapist generated data such as DSM-IV diagnoses.) In this analysis, cases treated at one of the sites receiving feedback averaged over 25% more improvement than cases seen by practitioners at sites without this feedback (.29 versus .37 effect size, p<.001). Of course any number of other factors could contribute to this result, but it does offer a tantalizing hint of what may be possible with outcomes management techniques.
ALERT was first implemented by PBH for its commercially insured population in February 1999. All of the decision support tools were provided to the nineteen large group practices seeing a high volume of patients. Individual practitioners not associated with one of the groups are contacted by a care manager if the algorithms determine that a cases was at risk, but other wise these practitioners do not receive reports like the Change Index or Aggregate Outcomes Reports. This project provides a mechanism to further explore outcomes in natural settings and to investigate the impact of outcomes management methods on the delivery of care in varied clinical environments.
Summary and conclusions
The preliminary field results of these outcomes management methods are encouraging. However, the early findings must be treated with some caution. Future work will focus on refining the case mix model and identifying process variables such as treatment and case management methods that are associated with superior results.
Psychotherapy research has given us more than a quarter century of valuable information on how to assess change associated with behavioral health treatments. While the science of outcomes measurement might be judged to be relatively mature, the implementation of 
